This article analyses the preferences of different types of investors to stock characteristics in the Montenegrin stock market. The majority of papers deal with stock portfolio analysis of the institutional investors. Since the number of individual investors in the Montenegrin market is much higher, the analysis of their trading behaviour is also very significant. In this article, using data mining techniques, we tested trading behaviour with stocks for both types of investors. We prove that data mining techniques, such as logistic regression, clustering and decision trees, provide good results in this type of analysis. The analysis may be useful to the future investors, brokers and stock exchange.
Introduction
The process of mass voucher privatisation, which ended at the beginning of 2002, was a strong driving force for development of the Montenegrin capital market. Since that period, the stock market experienced intensive growth, especially until 2007. In this period, the number of trades in the stock market was growing each year compared to previous one, so that in 2007 it reached 221,000. Some of the development indicators for the Montenegrin market are given in Table 1 . In the initial years of the market activities, there were a lot of anomalies and imperfections. Figure 1 shows the fluctuation of stock prices of one Montenegrin company during the period 2007 to 2011. A large number of companies had similar variations in stock prices in this period. It can be seen from the chart that in 2007, the stock prices of this company were high, between EUR 20 and 50, and in 2008 prices had a downward trend and went below EUR 5.
At the beginning of the crisis in 2008, the entire market experienced a significant downfall. In that year the number of stock trades, as well as the amount of traded stocks, was five times lower than in the previous year, in which the maximum was reached (Table 1 ). The downward trend continued and stability was reached in 2011. Because of that, for analysis in this article, we used the data from 2011, when the stock prices were more stable. *Corresponding author. Email: ljiljak@ac.me In the Montenegro capital market, at the end of 2011, the number of issuers was 371, the number of outstanding stocks was over 4 billion, and the number of accounts of investors was over 475,000. So, the number of stocks offered to the investors in the market, grows from year to year, therefore making the decision in which stocks to invest more difficult. Imperfections in the Montenegro market and crisis conditions make this decision even more complex. The investors select stocks on the basis of easily available information, and that is quite scarce. The selection, of course, is also based on their capabilities, i.e. background. The investors with different backgrounds have different preferences in stock trading. So, for example, the investors with high trading frequency may prefer stocks with lower prices, or the wealthy investors may prefer stocks with higher dividends, etc. The analysis of the preferences, in such conditions, can be very useful to future investors.
In this article, we analysed the trading preferences of various types of investors in the Montenegrin stock market. In the analysis we used the data mining method based on the logistic regression, clustering and decision trees. The article is organised as follows. In the second section we give a review of related work, which deals with analysis of the trading behaviour of investors in stocks. In the third section we introduce the proposed method. In the fourth section, we define the initial data-set, we present the results obtained by the proposed method and discuss and analyse the obtained results. In the conclusion, we give our final considerations and possibilities for further research. 
Related work
A large number of papers dealt with the preferences of investors in the stock markets. The majority of those papers analysed the preferences of institutional investors towards stocks, i.e. the companies with different characteristics. In his paper, Elkinawy (2005) examined the influence of company characteristics, such as the financial condition, competition and management, on the stock portfolio of the Latin American investment funds, during the Asian-Russian financial crisis. The research showed that the investment funds preferred cross-listed companies, and they avoided companies which had main Russian exporters as the competition. Dahlquist and Robertsson (2001) considered the preferences of foreign investors in the Swedish stock market, and determined that they prefer big companies, low dividends and high cash positions on the balance sheets. Also, they determined that the visibility of the company on international market, in form of exports or stock listing on other Stock Exchanges, has significant influence on foreign investors. Same authors also researched the interests of the domestic investors, and have determined that the preferences towards big companies are a common point for all institutional investors. In their paper, Aggarwal, Klapper, and Wysocki (2005) analysed the selection of investments on emerging markets (markets in 30 countries were taken into consideration), by American investment funds. They examined the role of the country in which the investments were made, as well as the role of the characteristics of the company during the selection. At the national level, they discovered that the factors which had influence on selection of stocks were strong legal framework, higher rights of stockholders and transparent accounting. Concerning the companies, the funds had the tendency towards companies with American Depositary Receipt (ADRs; cross-listed companies) and with good accounting disclosure policy.
Very few studies considered individual investors in their analysis or examined how their features affected stock trading preferences.
For example, Grinblatt and Keloharju (2001) analysed the trades of individual and institutional investors in the Finnish stock market. The result shows that the trading behaviour of investors is affected by the company's past returns, the size of the holding period, capital gain or loss, and the company's historical price patterns. Ng and Wu (2006) , studied both individual and fund investors, where they tested the preferences of Chinese individual investors depending on their level of wealth. They found that wealthier investors tend to invest in the stocks with high volatility and low book-to-market, while less-wealthy investors prefer to choose the stocks with low price and low earnings. Peress (2004) , showed that wealthier individual investors were less risk averse and they had a higher demand for information. Chen, Kim, Nofsinger, and Rui (2004) , obtained data from the accounts of brokers in China and showed that the accumulated experience of individual investors affected their behaviour during the stocks trading. Barber and Odean (2001) , documented that men are more confident than women in accord with the behavioural finance model (men tend to trade more than women). Using US sample data, Jianakoplos and Bernasek (1998) , found that women exhibit more risk aversion in financial decision-making than men. Barber, Lee, Liu, and Odean (2014) , found that frequency of trade plays an important role in investor outcomes.
In recent years, individual characteristics are of first-order importance for portfolio choice. For example, Keloharju (2009), and Linnainmaa (2011) , showed that sensation seeking, overconfidence and IQ affect stock market participation, using data from the Finnish registry. Campbell, Ramadorai, and Ranish (2013) , found that experience in good investment performance in the Indian stock market pushes investors towards stock growth, large stocks and high-momentum stocks. Barber and Odean (2011) provided an overview of research on the stock trading behaviour of individual investors in a larger view. These studies found that individual investors earn poorly, have a strong preferences for selling winners and holding losers (the disposition effect), repeat behaviours that previously coincided with pleasure (the reinforcement learning), consider only stocks that first catch their attention, tend to hold undiversified stock portfolios and buy stocks when most other investors sell and sell when they buy (contrarians).
Most of previous studies examined the stock market preferences of investors using the statistical method of regression analysis. The results of these studies give the impact of individual factors with statistical significance at the 1, 5 and 10% levels. However, a drawback of the regression models is a low interdependency of factors, because adjusted R 2 is generally less than 30%. Because of these drawbacks to test the behaviour of stock market investors we proposed a data mining method based on logistic regression, clustering and decision trees. The advantage of this method, compared to the previous studies that used regression model, is the obtained interdependency of factors. Tsai, Lin, and Wang (2009) , used neural networks and decision trees to identify trading preferences on the Taiwan stock market. In that study, they identified the stock portfolios and features of investors that affected their selections. The advantage of our analysis, compared to the mentioned paper, is that we used the data from entire stock market. In their paper, they used only data from one broker, and that can have the limiting influence on the results. Besides, we used decision tree algorithms obtained by component design which enables user to intelligently select in advance implemented components, best suited for specific data-set. Such defined algorithms can provide higher accuracy of classification, as well as the lower complexity of generated tree from the original decision tree algorithms.
Since the number of individual investors in the Montenegrin stock market is large, an analysis of their stock trading behaviour would be very useful. Thus, we tested behaviour of the both investors' types.
Method
In this article we tested the hypotheses that: (1) stock characteristics affect the high and low preferences of investors on the stock market; (2) stock characteristics affect the trading preferences of investors having a specific feature on the stock market; and (3) that the type of investor, i.e. a specific set of investor's features, affects the selection of the stock portfolio.
To test the hypothesis we considered three groups of factors which interactively influence the selection of stock portfolio: stock characteristics, balance sheet indicators of companies and investor features.
Motivation for the choice of the stock characteristics was found in the literature. There are many studies that examine the preferences for certain stock characteristics when choosing stock portfolio (Covrig, Lau, & Ng, 2006; Dahlquist & Robertsson, 2001; Ng & Wu, 2006; Tsai, Lin, & Wang, 2009 ). We used the stock characteristics (with acronyms in parentheses) as follows.
Age is the number of years since the stock was issued (Age). The stocks with newer dates can sometimes be more attractive to investors because they are current, people talk about them and they are publicly present. Dividend yield (DY) is the annual dividend per stock divided with stock price. The stocks with high DY usually have stable prices and the investors who invest in them count on incomes from dividends. Stocks with low DY have big fluctuations in prices and mainly those who want to earn on fluctuation of prices invest in them. Earnings-per-share (EPS) is the net profit 1 divided by number of issued stocks at the end of period. EPS represents the earning of the investor per stock. The investors who want to achieve the good return invest in stocks with high EPS. Market-to-book (MB) is the average stock price divided by book value, i.e. ratio of stock capital and number of issued stocks. Stocks with high MB are growing stocks, i.e. stocks whose market value is high compared to book value. Investments in these stocks bear higher risks than investments in those with low market value compared to book value. Price is the average stock price in observed period (Price). Stocks with low prices are more attractive to the investors, because they require low expenses. Price/earnings ratio (PE) is the average stock price divided by EPS. Ratio PE is inversely proportional to investment return, meaning that the low PE usually means high Return on Investment (ROI). Return is the annual rate of stock return (the ratio of difference between the end and initial price increased by amount of the dividend, and initial price) (Return). Return tells us about the past performance of the stock, i.e. if the stock is the winner or loser at the end of the year. The winner means that the difference in stock price, at the beginning and at the end of year increased by dividend per stock, compared to the initial stock the price is high. Experienced investors will prefer the winning stocks. Size is the total market capitalisation (total amount of traded stocks) (Size). The investors usually trade with stocks whose size-trade value is high. The reason is that the companies with big market capitalisation are safer and more popular. However, that will primarily attract inexperienced investors, but not those who carefully analyse other characteristics of stocks in which they will invest. We also considered the company balance sheet indicators: return on assets (ROA) as the ratio of net profit and assets; return on equity (ROE) as the ratio of net profit and stock capital, and the debt to equity (DE) ratio.
Many studies (Barber & Odean, 2001; Barber & Odean, 2011; Chen et al., 2004; Peress, 2004) found that kind of investor (individual/organisation), wealth, region (foreign/domestic investors), trading frequency, experience and gender were the main factors that affect trading preferences in stock market. According to this, we used features of investors (with acronyms in parentheses) as follows: kind of investor, individual or institutional (IndOrg); gender of investor (Gender); wealth of investor as the total amount of stock ownership (Wealth); region of investor (Region); trading frequency, as the number of trades (Frequency) and experience, as the number of years from opening of the first account (Experience).
As the extent of the investor X preferences towards stock Y, we used the following measure:
Pref ¼ Number of trading toward stock Y by investor X during observed period Total number of trades by investor X during observed period (1) This measure is modified from the measure of stock preferences developed by Ng and Wu (2006) . Their measure is based on the market value of the stocks. Such measures will underestimate less wealthy investors' preferences on stocks with high capitalisation. Therefore, we prefer a number of trades as the measure. Tsai, Lin, and Wang (2009) used similar measure based on the number of trades. To test the above hypothesis we proposed three predictive classification data mining models. We decided to use the classification models because of the previously mentioned drawbacks of regression to identify only the influence of certain factors, but not the interdependency all of them. Predictive classification models identify and predict interdependent influence of the predictors to the target variable (class label).
The model based on the first hypothesis identifies and predicts if and how the stock characteristics affect the high or low preferences of investors. The target variable in this model is the measure of investors' preferences defined by relation (1). In this classification model, we categorised the target variable using two values: L-low (lower preferences than average) and H-high (higher preferences than average). The predictors are the above stated stock characteristics. We categorised all of the predictors and we transformed them into dummy variables.
The model based on the second hypothesis identifies and predicts if and how the stock characteristics affect the investors with a specific feature. The target variables in this model are the different features of investors. The predictors are the above stated stock characteristics. All of the predictors are categorised and they are transformed into dummy variables.
For the model based on the third hypothesis, it was necessary to identify the types of investors (their features) that prefer certain stock portfolio. For this purpose the stocks were initially clustered based on the above stated stock characteristics. The produced clusters represent different group of investors who prefer certain stock portfolio. This model identifies and predicts the features of investors belonging to these groups. The target variable in this model is the cluster variable, the values of which identify the stock clusters. The predictors are the above stated features of the investors, which are categorised and transformed into dummy variables.
Data mining technique, which we proposed to develop the first two models, is logistic regression. This technique is used for prediction of binominal (0,1) or categorical (with limited set of categories) target variable on basis of predictor variables, where the data-set is classified in as many classes as the target variable has values. Logistic regression allows us to determine not only which predictor variable has the interconnected influence on the target variable, but also how big that influence is. For our models, this opportunity is essential and that is why we chose logistic regression.
Kernel logistic regression (KLR) is a nonlinear form of logistic regression, which is obtained by replication of data vector with help of kernel function. In this article we used KLR, which is based on fast dual algorithm (Keerthi, Duan, Shevade, & Poo, 2005) . Ruping in 2003 implemented this algorithm in form of the programme MyKLR. In this article we also used the poly-nominal logistic regression (case when the target variable is categorical with multiple categories). This regression is implemented with help of binominal regression, with use of the method 'one in relation to all other'.
For development of the third model we proposed the data mining techniques clustering and decision trees. Clustering finds the similar groups within the data-set. We chose this method because it is necessary to divide investors into groups which have similar preferences in the selection of stock portfolio. Clustering method does not give explicit descriptions of the clusters. Because the decision tree can extract explicit rules from the clusters, we used this method to the result of clustering, in order to obtain more reliable conclusions. Thus the obtained rules identify features of investors who belong to the clusters.
This study uses the data mining technique k-mean clustering, which iteratively forms k clusters with help of functions for evaluation of distances and mean values of cluster (Hartigan, 1975) .
Decision trees enable classification of data sets based on target variable, where the tree branches define classification rules expressed in terms of predictive attributes. There are several data mining algorithms for induction of decision tree. Majority of these algorithms implement decision tree induction by generating split for each attribute (tree node) which will be the best for prediction of target variable value.
One of the first decision tree algorithms is ID3 (Quinlan, 1986 a) . This algorithm works only with categorical variables, it is based on 'multi-way' split and it uses 'information gain' as measure for split quality. This evaluation measure is biased towards choosing attributes with more categories. Breiman, Friedman, Stone, and Olshen (1984) proposed CART algorithm which works with both categorical and numerical variables, and for split evaluation it uses the 'Gini' measure. The algorithm supports only binary splits. Algorithm C4.5 (Quinlan, 1993 b) , is an improvement of the ID3 algorithm which can work both, with categorical and numerical data. It uses a 'multi-way' split for categorical, and binary for numerical data. For split evaluation it uses a 'gain ratio' measure, which is not biased towards attributes with several categories. It also includes three pruning algorithms: reduced error pruning, pessimistic error pruning and error based pruning. CHAID algorithm was proposed by Kass, (1980) . In this algorithm Chisquare test is used for evaluation of the split quality. QUEST algorithm (Loh & Shih, 1997) , uses removal of insignificant attributes with chi-square test, for categorical, and ANOVA f-test, for numerical data.
In this article we used decision tree algorithms obtained by component design proposed by Delibasic, Jovanovic, Vukicevic, Suknovic, and Obradovic (2011) . These algorithms are obtained by combining different components of original decision tree algorithms (split creation, split evaluation, stop criteria, etc.). Component design enables user to intelligently select in advance implemented components, the best suited for specific data-set. Such defined algorithms can provide higher accuracy of classification, as well as the lower complexity of generated tree than the original decision tree algorithms.
For the realisation of the previosuly defined models we used an open source data mining platform Rapid Miner (www.rapidminer.com), as well as the WhiBo (www. whibo.fon.bg.ac.rs), plug-in for Rapid Miner in this manner:
We used the Rapid Miner X-Validation operator (tenfold, stratified sampling) to perform the cross-validation to estimate the statistical performance of the learning operator using an unseen data-set. For the classification performance evaluation, we used the operators Performance (Binominal Classification) and Performance (Classification). For the regression performance evaluation, we used the Performance (Regression) operator. For regression we used the Linear Regression (feature selection = 'M5 prime', with elimination of collinear features) and Polynomial Regression operators. For logistic regression we used the operators Logistic Regression (dot kernel and C = 1.0), which is based on a Java implementation of MyKLR software and Poly-nominal by Binominal Classification based on the method 'one in relation to all other'. For clustering, we used the operator k-Means, which performs clustering with the k-means algorithm. For component design of decision tree algorithms we used WhiBo plug-in and WhiBo Generic decision tree operator.
Empirical results
In this section we tested stated hypotheses on the data from the Montenegrin capital market, using the proposed data mining method. Empirical results verified the proposed method and they confirmed the hypotheses. When interpreting the obtained results, we identified the actual behavioural patterns of investors in the Montenegrin stock market, which may be useful for future trading strategies.
Data description
For the analysis we used the data from the Central Depository Agency of Montenegro on trades in the Montenegrin stock market in 2011. These data include basic information about the investors 2 such as the kind of investor (individual or institutional organisation), gender, region, date of opening of the first account (experience of the investor) 3 and wealth, 4 then data about the stocks, such as the unique trading symbol, initial, end and average price and number of outstanding stocks at the end of 2011, and in the end, data on trades, such as the date of trade, quantity and trading amount. In the initial data-set there were 12,375 records, i.e. stock trades. The stocks of 146 different companies were traded. Stock characteristics and balance sheet indicators are calculated on basis of information on companies, taken from the web site of the Securities Commission, such as the stock capital, net profit, amount of dividend, net assets and liabilities. Some of the smaller companies, which stocks were traded in 2011, were liquidated at the end of accounting year, and for some of them the necessary data did not exist. Trades with stocks of these companies are removed from the initial set. The total of 3584 records on stock trades remained. On this set we calculated two more derived values we needed for the analysis. Those are investor trading frequency (total number of trades within this data-set) and preferences of investor X for stock Y, as it is defined in Section 3. Thus we got the initial data-set for which the statistics are given in Table 2 .
It can be noticed that the annual rate of stock return for majority of the companies is negative, and this is a consequence of downward trend in stock prices which were unrealistically high in previous periods (Figure 1) . Also, it can be seen that the average value for attribute Size (amounts of traded stocks) and Pref (investor preferences for a stock) is high. This is result of the fact that large number of small companies, whose stocks are poorly traded, is removed from the initial data-set due to liquidation or lack of some balance sheet data. It is noticeable that the companies have low average EPS, very low average for DY, high average for MB and very small average value for ROA and ROE, as well as the high average DE. In total, stock characteristics and balance sheet indicators of the companies reflect quite bad conditions of Montenegrin companies, specific for the current crisis. It should be pointed out that the indicators would be even worse if we took into consideration all companies which stocks are traded in 2011, because we removed large number of small companies from the initial set. Wealth, frequency and experience are divided in groups according to criteria given in Table 3 .
Data mining results
As in most of the previous studies, we firstly analysed influence of the stock characteristics on investor preferences with the linear regression. Target (dependent) variable is attribute Pref, which represents the preferences of stock investor as defined in Section 3, Notes: *Group G1 includes investors with total stock ownership less than 5000 euros. Groups G2 to G5 are to be interpreted in a similar manner. **Group G1 includes investors who traded less than five times in the observed period. Groups G2 and G3 are to be interpreted in a similar manner. ***Group G1 includes investors who are present in the stock market up to five years. Groups G2 and G3 are to be interpreted in a similar manner. Source: Authors' calculation.
while the independent variables (regressors) are attributes representing the stock characteristics. All independent variables are categorised and for the needs of regression analysis they are transformed to dummy variables. The results of linear regression are presented in Table 4 . The corrected coefficient of determination is very small, i.e. 0.032773, and only 26% of preferences have deviations lower than 20%. The results of the linear regression give the impact of individual factors with high statistical significance. However, a drawback of the model is a low interdependency of factors because adjusted R 2 is small. The small R 2 may indicate that the relationship between the dependent variable and the regressors is not linear. To test the non-linearity we applied the RESET test (Ramsey, 1969) . For quadratic unrestricted functional form we got that F (1; 3,553) = 3,461.53 which is greater then F 0.05 (1; 3,553) = 3.84. Because the F test statistics is greater than the F critical value we reject the null hypothesis that the true specification is linear (which implies that the true specification is non-linear). However, after testing polynomial regression models (max degree = 5) we get small R 2 < 0.040199. This indicates low interdependency of factors in the non-linear regression, too.
Since the regression failed to provide good results in terms of interdependence, to develop our first model, we applied the logistic regression. For H as a positive class we obtained the model of logistic regression (the weighting coefficients of dot kernel model) in Figure 2 . The model had an accuracy 5 of 61.56% (the logistic model performance is presented in Table A1 in the Appendix), and we showed that the stock characteristics affected the high and low preferences of investors in the Montenegrin stock market (first hypothesis).
With the logistic regression we also developed our second model. For this analysis the dependent variables were IndOrg, Region, Gender, Wealth, Frequency, Experience, respectively, while the independent variables were stock characteristics defined in Section 2. Since these dependent variables are categorical, with several categories, we applied poly-nominal logistic regression upon principle 'one against all'. In Table 5 , we present some of the results obtained with this analysis. We only present results for which the class precision (in brackets) is higher than 30%. Table 5 shows the weighting coefficients of the dot kernel logistic regression that have an influence on the positive class, given in the header of the table. With this model we showed that the choice of stock characteristics is in relation with the individual investors' features (second hypothesis).
In order to realise the third model, it was necessary to divide investors into groups, with the same preferred stock portfolio. Because of that, we applied clustering by stock characteristics to the initial data-set (the clustering model performance is presented in Figure A1 in Appendix). In the first round we got four clusters. With further clustering we got nine clusters, out of which four clusters had small number of records, so we discarded them. The results of clustering according to the characteristics of stocks and companies are presented in Table 6 .
Using the component-designed decision trees we generated the rules which express the features of the investors who prefer defined clusters. By using the WhiBo, we created 80 different decision tree algorithms combining the different components and then we tested their performance over initial data-set. For testing of performance we used WhiBo X-Validation operator (5X10-fold cross-validation test with stratified sampling) (differences in performance of these algorithms are presented in Table A2 in the Appendix). By testing we found the optimal algorithm for the data-set, with maximal accuracy and minimal complexity (the optimal decision tree algorithm performance is presented in Table A3 in the Appendix). Note that the optimal algorithm is not one of the original decision tree algorithms. This fact confirms that the component design provided algorithms with better performance that the original ones. With the optimal algorithms we get a decision tree model with 34 rules, out of which we selected only rules with index of confidence higher than 0.4 (Table 7 ). Using this model we showed that investors with a certain set of features prefer the same stock portfolio, i.e. that the type of investor has an influence on the stock portfolio selection (third hypothesis).
Discussion of the results
The results of the data mining analysis point out preferences of the investors with different features for characteristics of stocks and companies. The model of logistic regression (Figure 2 ), gives the results for high and low preferences of the investors. According to this model, the preferences of investors in the Montenegro capital market are high for stocks with high DY, low EPS, middle MB, low prices, middle PE, negative return, higher size and low age. Regarding the company balance sheet indicators, the investors show high preferences for companies with low DE, high ROA and higher ROE. This shows that the investors in the Montenegrin stock market are mainly prone to low risk trades. However, high preferences for stocks with low EPS, as well as for stocks which are traded a lot and which are recent on the market, point to the existence of the investors -speculators, who are prone to risky trades. They count on earnings due to sudden change in stock price and they trade most current stocks.
Based on Table 5 , it can be seen that individual investors are more prone to risky investments than institutional investors. The institutional investors select stocks with high earning per stock and high DY, with stable but high prices, good ROI, high trade value and higher age. The companies selected by the institutional investors have low DE, high ROA and low ROE. Individual investors prefer stocks with low earnings, middle MB ratio, low prices, middle and high PE ratio, middle trade value and those which Figure 2 . Model of logistic regression. Note: Since that the class H is positive one, the factors with positive coefficients have an influence on the high preferences of investors, while the low preferences influence factors with negative coefficients. Coefficients with larger absolute value have a stronger impact in both cases. Thus, for example, from this model can be concluded that low total market capitalisation has the most influence on the low preferences of investors (factor Size-Low has a negative coefficient with the largest absolute value). Source: Authors' calculation. are more recent. Balance sheet indicators of the companies selected by these investors are bad. All of this points to the fact that in the Montenegrin capital market institutional investors carefully analyse the traded stocks, while the individual investors rely mainly on available information, their experience and luck. The domestic investors from central region and foreign investors prefer low risk investments with relatively certain return. The male investors behave in similar manner. Also, it can be noticed that the wealthier investors, with stock ownership between EUR 20 and 100 thousand, are more careful in selection of stocks than those with wealth between EUR 5 and 20 thousand. Those who are wealthy select high price and high stock age, stocks with better investment returns and good balance sheet indicators. Those less wealthy select the low prices, middle size and most recent stocks, as well as the companies with poor balance sheet indicators.
The investors with once a week or daily trading frequency have preferences for stocks with low DY and earnings, low MB, low investment return, middle price and size, low age as well as for the unindebted companies with low ROA and ROE. The investors who trade every day prefer older and indebted companies with small market capitalisation. Therefore in the Montenegrin stock market the investors with high trading frequency are speculators, i.e. those who count on earnings from fluctuation in prices. The last column in Table 5 indicates that the experienced investors in Montenegrin capital market (those who are in the market for over 10 years) are conservative because they prefer middle values. They don't carefully analyse the companies whose stock they buy, because the balance sheet indicators of these companies are poor. With clustering we have divided stocks into five clusters (Table 6 ). Cluster 2.1 represents the stocks and companies with good characteristics which can be considered as low risk. Cluster 2.2 represents stocks with middle values which present risk-free, i.e. conservative selection. The clusters 0, 1.1 and 3.1 are clusters with risky stocks which are different in only a few characteristics. For cluster 0 it is noticeable that those are stocks with very high PE. The investors who decided for such stocks are ready to take risk and to pay much higher amounts than the stock earnings. It is obvious that the selection of such stocks is characteristic for speculators in the market. Cluster 3.1 consists of stocks with high DY and middle PE, low price, middle age and medially good balance sheet indicators (low DE and middle ROE). This medially risky cluster is the selection of less experienced investors who intentionally take risks. At the end, cluster 1.1 represents stocks with poor balance sheet indicators of the companies (high indebtedness and poor profits), which can be the selection of either speculators or inexperienced investors. The rules obtained by the decision tree model (Table 7 ) define the dependencies of investors' features in the Montenegrin stock market according to these clusters. It can be seen from the table that the individual investors from central region of Montenegro, male, with stock ownership in the amount of under EUR 20,000, who rarely trade, are conservative in selection of stocks (cluster 2.2). This is also the selection of the investors with stock ownership in the amount of under EUR 20,000 and with daily trading frequency, as well as the wealthy individual investors (with total stock ownership in the amount between 20,000 and 100,000) from central region with once a week trading frequency. Risk-free stocks with good characteristics (cluster 2.1) in the Montenegrin market are selected by the male investors who trade frequently (every day) and by foreign organisations who trade once a week. Risky stocks with poor characteristics and company balance sheet indicators (cluster 1.1) are mainly traded by institutional investors from northern region with trading frequency of once a week. Speculative cluster (cluster 0) is the selection of individual investors from central and southern region, with wealth up to EUR 500,000, who are present in the market for more than 10 years, as well as the organisations from central region with trading frequency of once a week and presence in the market of under 10 years. Medially risky stock cluster (cluster 3.1) is preferred by inexperienced foreign investors with stock ownership in value between EUR 100,000 and 500,000.
Conclusion
This article analyses the influence of the investors' features, stock characteristics and balance sheet company indicators to the selection of the stock portfolio.
In this regard, we addressed three crucial questions: (1) how do stock characteristics affect the high and low preferences of investors? (2) how do stock characteristics affect the trading preferences of investors having a specific feature? and (3) how do the features of investors affect their stock portfolio selections? In most of the previous studies, that addressed the preferences of stock market investors, are used regression analysis. In these studies the adjusted coefficient of determination is low, indicating a low interdependency of factors. Because of these drawbacks to test the behaviour of stock market investors we used a data mining method. In order to answer the questions, we proposed three predictive classification models based on logistic regression, clustering and decision trees. By applying our method to the Montenegrin stock market, we found that there is a high interdependency between stock characteristics and high and low preferences of investors. We also detected some correlations between stock characteristics and individual features of investors. According to the third hypothesis we found that features of investors, namely the type of investor affects their stock portfolio selections. Hence, the empirical results verified the proposed method. Using the models, we identified the actual behavioural patterns of investors in the Montenegrin stock market, which may be useful for future trading strategies.
In general, we determined that in the Montenegrin stock market, the investors have high preferences for safe and stable stocks and companies, but also for those which are risky. The institutional investors usually make good and careful (risk-free) selection of stocks, while some individual investors have high preferences for risky stocks (speculators). The investors from a central region, foreign investors and male investors prefer risk-free investments expecting return on them. Wealthy investors in the Montenegrin stock market are not prone to risk. The experienced investors are conservative in selection of stocks, but they do not analyse the balance sheets of the companies carefully. Individual investors from central region, who are male, less wealthy, and trade rarely, as well as some of the wealthy investors, who trade frequently, make conservative selection of stocks. The best selection of stocks (risk-free, stable stocks with guaranteed return on investment, stocks of companies with good balance sheet indicators) have male individual investors from central region who trade frequently, as well as the foreign organisations with weekly trading frequency. Risky stocks are traded by speculators from central and southern region, who are wealthy and experienced. It is interesting that some of the institutional investors from central region who trade once a week are speculators in the market. Due to lack of experience, even some of the institutional investors from northern region as well as some of the wealthy investors trade risky. This analysis may be useful not only for future investors, but also for brokers, stock exchange, as well as for all other interested parties in the Montenegrin stock market.
In future research, it could be possible to test some other data mining techniques and determine if they provide better results (better classification performance) over the same data-set. Also, it would be interesting to make a similar analysis for 2007, when the maximum number of trades was reached and when the fluctuations were much higher. This analysis could be compared with the results obtained here.
Notes
1. Net profit is reduced by total amount of dividend of the preferred stocks. The companies analysed in this article did not have preferred stocks. 2. Personal information such as the registration number, family and first name or the name of institution, were not provided by the CDA, since this type of information is confidential. 3. This information, i.e. corresponding number of years from opening of the first stock account we have used to define the experience of the investor.
4. The wealth is the information on total amount on all stock accounts of an investor. Since this information is confidential, the CDA provided us only with information on investor affiliation to one of the five groups which represent different levels of wealth we defined. 5. Accuracy is a measure of evaluation of classification models. Accuracy alone is not sufficient to represent the quality of prediction because it will yield misleading results if the data-set is unbalanced (that is, when the number of samples in different classes vary greatly). For classification problems, there are a couple of measures (see Appendix). 
